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Abstract

A diversity of tasks use language models trained on semantic similarity data.
While there are a variety of datasets that capture semantic similarity, they are either
constructed from modern web data or are relatively small datasets created in the past
decade by human annotators. This study utilizes a novel source, newly digitized
articles from off-copyright, local U.S. newspapers, to assemble a massive-scale
semantic similarity dataset spanning 70 years from 1920 to 1989 and containing
nearly 400M positive semantic similarity pairs. Historically, around half of articles
in U.S. local newspapers came from newswires like the Associated Press. While
local papers reproduced articles from the newswire, they wrote their own headlines,
which form abstractive summaries of the associated articles. We associate articles
and their headlines by exploiting document layouts and language understanding.
We then use deep neural methods to detect which articles are from the same
underlying source, in the presence of substantial noise and abridgement. The
headlines of reproduced articles form positive semantic similarity pairs. The
resulting publicly available HEADLINES dataset is significantly larger than most
existing semantic similarity datasets and covers a much longer span of time. It will
facilitate the application of contrastively trained semantic similarity models to a
variety of tasks, including the study of semantic change across space and time.

1 Introduction

Transformer language models contrastively trained on large-scale semantic similarity datasets are
integral to a variety of applications in natural language processing (NLP). Contrastive training is
often motivated by the anisotropic geometry of pre-trained transformer models like BERT [5], which
complicates working with their hidden representations. Representations of low frequency words are
pushed outwards on the hypersphere, the sparsity of low frequency words violates convexity, and
the distance between embeddings is correlated with lexical similarity. This leads to poor alignment
between semantically similar texts and poor performance when individual term representations are
pooled to create a representation for longer texts [21]. Contrastive training reduces anisotropy [25].

A variety of semantic similarity datasets have been used for contrastive training [18]]. Many of these
datasets are relatively small, and the bulk of the larger datasets are created from recent web texts;
e.g., positive pairs are drawn from the texts in an online comment thread or from questions marked
as duplicates in a forum. To provide a semantic similarity dataset that spans a much longer length
of time and a vast diversity of topics, this study develops HEADLINES (Historical Enormous-Scale
Abstractive DupLIcate News Summaries), a massive dataset containing nearly 400 million high
quality semantic similarity pairs drawn from 70 years of off copyright U.S. newspapers. Historically,
around half of content in the many thousands of local newspapers across the U.S. was taken from
centralized sources such as the Associated Press wire [8]]. Local newspapers reprinted wire articles
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but wrote their own headlines, which form abstractive summaries of the articles. Headlines written
by different papers to describe the same wire article form positive semantic similarity pairs.

To construct HEADLINES, we digitize front pages of off-copyright local newspapers, localizing and
OCRing individual content regions like headlines and articles. The headlines, bylines, and article
texts that form full articles span multiple bounding boxes - often arranged with complex layouts -
and we associate them using a model that combines layout information and language understanding
[14]. Then, we use neural methods from [23]] to accurately predict which articles come from the same
underlying source, in the presence of noise and abridgement. HEADLINES allows us to leverage the
collective writings of many thousands of local editors across the U.S., spanning much of the 20th
century, to create a massive, high-quality semantic similarity dataset. HEADLINES captures semantic
similarity with minimal noise, as positive pairs summarize the same underlying texts.

This study is organized as follows. Section 2]describes HEADLINES, and Section[3|relates it to existing
datasets. Section [] describes and evaluates the methods used for dataset construction, Section 3]
benchmarks the dataset, and Section |§| discusses limitations and intended usage.

2 Dataset Description

HEADLINES contains 393,635,650 positive headline pairs from off-copyright newspapers. Figure|T]
plots the distribution of content by state.

Figure 1: Geographic variation in source of headlines

Dataset statistics by decade are provided in Table[T} Content declines sharply in the late 1970s, due
to a major copyright law change effective January 1, 1978.

Decade  Headline Cluster Positive ‘Word ‘Words Per Line Lines Per  Character

Count Count Pair Count Count Headline Count Headline  Error Rate
1920s 4,889,942 1,032,108 28,928,226 68,486,589 14.0 18,983,014 3.9 4.3%
1930s  5,519.472 1,126,566 37,529,084 75,210,423 13.6 21,905,153 4.0 3.7%
1940s 6,026,940 1,005,342 62,397,004 61,629,003 10.2 19,538,729 32 2.4%
1950s 7,530,810 1,192,858 100,527,238 61,127,313 8.1 20,823,786 2.8 2.3%
1960s 6,533,071 926,819 108,415,279 46,640,311 7.1 16,408,148 2.5 3.7%
1970s 3,664,201 585,782 52,981,097 24,472,831 6.7 7,829,510 2.1 32%
1980s 703,052 170,507 2,857,722 5,161,537 73 1,502,893 2.1 1.5%

Total 34,867,488 6,039,982 393,635,650 342,728,007 9.8 106,991,233 3.1

Table 1: Descriptive statistics of HEADLINES.

The supplementary materials summarize copyright law for works first published in the United States.
The newspapers in HEADLINES are off-copyright because they were published without a copyright
notice or did not renew their copyright, required formalities at the time. Far from being an oversight,
it was rare historically to copyright news, outside the nation’s most widely circulated papers. The
headlines in our dataset were written by editors at these local papers, and hence are in the public
domain and anyone can legally use or reference them without permission.

It is possible that a newspaper not itself under copyright could reproduce copywritten content from
some third party - the most prevalent example of this is comics - but this does not pose a problem
for HEADLINES, since the dataset is built around the locally written headlines that describe the same



wire articles. If we were to accidentally include a syndicated headline, it would be dropped by our
post-processing, since we drop headline pairs within a Levenshtein edit distance threshold of each
other. It is also worth noting that a detailed search of U.S. copyright catalogs by [19] did not turn up
a single instance of a wire service copyrighting their articles. (Even if they had, however, it would
not pose a problem for headlines, since they were written locally.)

Figure 2 shows examples of semantic similarity pairs.
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Figure 2: Semantic similarity examples, showing article image crops and OCR’ed headlines.

We quantify variation in HEADLINES across years, using a measure reminiscent of Earth Mover
distance. This measure computes how much each text in a query dataset (e.g., 1920 headlines) would
have to change (in embedding space) to have the same representation as the closest text in a key
dataset (e.g., 1930 headlines).

Specifically, we first take a random sample of 10,000 texts per year. For year j, we embed texts
t1;::t10,000; using all-mpnet-base-v2. We choose MPNet because it has been shown to perform well
across a variety of embedding datasets and tasks [18]]. For each of these t;;, we compute the most
similar embedding in year Kk, measured by cosine similarity. This gives us a vector of similarity
measures Si:::S10,0005%, that for each text in year j measure proximity to the most similar text in
year K. We average these similarities to calculate SIM jkﬂ Figure which plots the SI My, shows
that similarity increases with temporal proximity. The dark square towards the upper left is World
War 2, during which newspapers coverage was more homogeneous due to the centrality of the war.
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Figure 3: Average similarity between different years of HEADLINES.

"We end in 1977, as we have very few texts after this date.



HEADLINES is useful for training and evaluating models that aim to capture abstractive similarity,
whether using the embeddings for tasks like clustering, nearest neighbor retrieval, or semantic search
[18]. Because it contains chronological content over a long span of time, it can be used to evaluate
dynamic language models for processing continuously evolving content [11 [15]], as well as how large
language models can be adapted to process historical content [17, 4} [16]]. Likewise, it can be used to
train or evaluate models that predict the region or year a text was written [20]. In addition, it is useful
for training models and developing benchmarks for a number of downstream tasks, such as topic
classification of vast historical and archival documents, which have traditionally been classified by
hand. This is an extremely labor-intensive process, and as a result many historical archives and news
collections remain largely unclassified. Similarly, it could facilitate creating a large scale dataset to
measure term-level semantic change, complementing existing smaller-scale SemEval tasks.

HEADLINES has a Creative Commons CC-BY license, to encourage widespread use, and is available
on Huggingface

3 Existing Semantic Similarity Datasets

There is a dense literature on semantic similarity, with datasets covering diverse types of textual
similarity and varying greatly in size. The focus of HEADLINES on semantic similarity in historical
texts sets it apart from other widely used datasets. It also dwarfs the size of most existing datasets,
aggregating the collective work of 20th century newspapers editors, from towns across the U.S. Its
paired headlines summarize the same text, rather than being related by other forms of similarity
frequently captured by datasets, such as being in the same conversation thread or answering a
corresponding question.

One related class of semantic similarity datasets consists of duplicate questions from web platforms,
e.g., questions tagged by users as duplicates from WikiAnswers (77.4 million positive pairs) [6],
duplicate stack exchange questions (around 304,000 duplicate title pairs) [2]], and duplicate quora
questions (around 400,000 duplicate pairs) [IZJEI Alternatively, MS COCO [3] used Amazon’s
Mechanical Turk to collect five captions for each image in the dataset, resulting in around 828,000
positive caption pairs. In Flickr [26], 317,695 positive semantic similarity pairs describe around
32,000 underlying images. Like HEADLINES, positive pairs in these datasets refer to the same
underlying content, but are describing an image rather than providing an abstractive summary of a
longer text. In future work, HEADLINES could be expanded to include caption pairs describing the
same underlying photo wire image, as local papers frequently wrote their own captions.

Online comment threads have also been used to train semantic similarity models. For example,
the massive scale Reddit Comments [11]] draws positive semantic similarity pairs from Reddit
conversation threads between 2016 and 2018, providing 726.5 million positive pairs. Semantic
similarity between comments in an online thread reflects conversational similarity, to the extent
the thread stays on topic, rather than abstractive similarity. Likewise, question-answer and natural-
language inference datasets are widely used for semantic similarity training. While other datasets
exploit abstractive summaries - e.g., Semantic Scholar (S20RC) has been used to create semantic
similarity pairs of the titles and abstracts of papers that cite each other - to our knowledge there are
not large-scale datasets with abstractive summaries of the same underlying texts.

A wide variety of text embedding datasets have been combined into the Massive Text Embedding
Benchmark (MTEB) [18]], which evaluates 8 embedding tasks on 58 datasets covering 112 languages.
We measure the similarity between HEADLINES and the English datasets in MTEB, using the Earth
Mover-style distance, described in Section[2] As above, we first take a random sample of (up to)
10,000 texts from each decade of HEADLINES, as well as each of the English datasets in MTEB (if the
dataset contains fewer than 10K texts, we use the full dataset and limit the comparison dataset to the
same number of randomly selected texts). For dataset j, we embed texts t;:::ti9 goo;. For each of
these t;;, we compute the most similar embedding in dataset K, averaging these across all texts in j to
compute SIMj,. SIM;j; need not be symmetric. Suppose dataset j is highly homogeneous, whereas
dataset K is heterogeneous. S1 M, may be high, because the similar embeddings in homogeneous
dataset J are close to a subset of embeddings in dataset K. On the other hand, SIM; may be low,
because most texts in dataset K are dissimilar from texts in homogeneous dataset j.

Zhttps://huggingface.co/datasets/dell-research-harvard/headlines-semantic-similarity
3Dataset sizes are drawn, when applicable, from a table documenting the training of Sentence BERT [21]].
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